Describing the mechanisms that drive variation in species interaction strengths is central 25 to understanding, predicting, and managing community dynamics. Multiple factors have 26 been linked to trophic interaction strength variation, including species densities, species 27 traits, and abiotic factors. Yet most empirical tests of the relative roles of multiple 28 mechanisms that drive variation have been limited to simplified experiments that may 29 diverge from the dynamics of natural food webs. Here, we used a field-based 30 observational approach to quantify the roles of prey density, predator density, predator-31 prey body-mass ratios, prey identity, and abiotic factors in driving variation in feeding 32 rates of reticulate sculpin (Cottus perplexus). We combined data on over 6,000 predator-33 prey observations with prey identification time functions to estimate 289 prey-specific 34 feeding rates at nine stream sites in Oregon. Feeding rates on 57 prey types showed an 35 approximately log-normal distribution, with few strong and many weak interactions. 36
Introduction 52
Species interaction strengths typically vary over orders of magnitude, with most 53 food webs containing few strong and many weak interactions (Wootton and Emmerson 54 2005) . Such variation has important consequences for basic and applied ecological 55 questions. For instance, the distribution and magnitudes of interaction strengths are 56 important in predicting indirect net effects and the consequences of perturbations in food 57 webs (Montoya et al. 2009 , Novak et al. 2016 ), resolving relationships between network 58 complexity and stability Tang 2012, Gellner and McCann 2016) , and 59 informing the management and conservation of interacting populations (Soulé et al. 60 2005) . Quantifying the multiple factors that generate and maintain variation in the 61 strength of species interactions is therefore central to understanding, predicting, and 62 managing community dynamics. 63 A suite of factors has been advanced as drivers of interaction strength variation in 64 food webs. Foremost is the density of interacting species, often formalized using predator 65 functional response models (Jeschke et al. 2002) . Functional response models generally 66 predict that predator feeding rates increase with prey density and decrease with 67 conspecific predator density, although the specific forms of the functions and the relative 68 roles of prey vs. predator densities have been debated (Abrams and Ginzburg 2000) . The 69 4 characterization of predator feeding rates with functional response models represents a 70 flexible framework for conceptualizing and quantifying trophic interaction strengths 71 (Murdoch and Oaten 1975, Kéfi et al. 2012 ). Despite their utility, however, a 72 considerable amount of unexplained variation in predator feeding rates, and interaction 73 strengths defined more broadly, often remains after accounting for species densities. 74
Taxonomic identity and species traits, especially body size, have been invoked as 75 additional drivers of variation in feeding rates. Predator size, prey size, and/or predator-76 prey size ratios, have been linked to variation in feeding rates directly, or to attack rate 77 and handling time parameters within functional response models (Emmerson and 78 Raffaelli 2004, Vucic-Pestic et al. 2010, Schmitz and Price 2011, Kalinkat et al. 2013) . 79
For example, allometric scaling, where biological rates vary with body size via power 80 laws, has become a common approach for inferring interaction strengths in the absence of 81 direct measures (e.g., Berlow et al. 2009 ). In addition to metabolic scaling relationships, 82 there has been empirical support for hump-shaped relationships between predator-prey 83 body mass ratios and feeding rates (Brose et al. 2008 , Brose 2010 . Lastly, a range of 84 other characteristics beyond body size, including behavioral, chemical, or morphological 85 traits that minimize predation risk (i.e. anti-predator defenses) can also influence trophic 86 interaction strengths (Klecka and Boukal 2013, Kalinoski and DeLong 2016) . Because 87 such traits are often conserved (or correlated) across related species, the taxonomic 88 identity of the prey or predator can drive significant variation in interaction strength (Rall 89 et al. 2011). 90 While much focus has remained on characteristics of the interacting species 91 themselves, the environment in which interactions occur may exert equally large controls 92 5 on interaction strength. Many environmental factors, including light levels, habitat 93 complexity, and especially temperature, have been shown as important drivers of trophic 94 interaction strength (Pawar et al. 2012 , Gilbert et al. 2014 , Byers et al. 2017 ). For 95 instance, water clarity has strong effects on the feeding rates of fish on zooplankton 96 (Wissel et al. 2003) ; vegetation cover mediates rates of predation by wolves on elk 97 (Kauffman et al. 2007 ); and moonlight affects kill rates of foxes on hares (Griffin et al. 98 2005) . Taken together, these studies highlight the importance of characterizing variation 99 in species interaction strengths across space and time (Chamberlain et al. 2014) . 100
Although it is becoming widely recognized that interaction strengths are the 101 outcome of dynamic biotic and abiotic factors, empirical tests of the relative roles of 102 multiple drivers remain rare, particularly within the context of complex food webs (Wood 103 et al. 2010) . In large part, this disparity stems from challenges associated with measuring 104 interaction strengths in nature. Limitations of prior work include a focus on one or two 105 hypothesized drivers of interaction strength variation in isolation, and perhaps most 106 importantly, the reliance on experiments entailing oversimplified community structures 107 (e.g., low prey diversity) and unnatural environmental conditions (e.g., laboratory and 108 mesocosm trials) (Carpenter et al. 1996) . For instance, factors associated with study 109 design, such as experimental duration (Li et al. in press) and the size of the feeding arena 110 (Uiterwaal et al. 2017 ) have had strong effects on observed predator feeding rates. The 111 large number of interactions occurring in complex food webs also makes experiments 112 that manipulate the abundance or presence of species intractable. These challenges create 113 disconnects between existing theory, results of laboratory studies, and the dynamics of 114 real food webs (Wootton and Emmerson 2005, Novak and Wootton 2008) . 115 6
In the present study we used an observational approach to quantify the feeding 116 rates of a generalist predatory sculpin (Cottus perplexus) on its diverse suite of prey in 117 the natural context of their species-rich stream food webs. We used model selection to 118 compare the relative importance of five factors in driving in situ variation in predator 119 feeding rates -predator and prey densities, predator-prey body mass ratios, prey 120 taxonomic identity, and variation in the abiotic environment. We hypothesized that 121 increases in prey density, and decreases in predator density, would be associated with 122 increased prey-specific feeding rates. We further predicted that feeding rates would show 123 a hump-shaped relationship with predator-prey body mass ratios, while prey taxonomic 124 identity and abiotic factors would help explain additional variation beyond density and 125 body size. We found that a full model including all five variables best explained prey-126 specific feeding rates, with prey density and taxonomic identity being the two most 127 important factors. Our results emphasize the difficulty of extrapolating from lab-based 128 studies of feeding rates to the field and underscore the need to empirically validate 129 functional response models over realistic gradients of predator-prey characteristics and 130 environmental factors. 131 7 fauna of more than 325 benthic macroinvertebrate species (Anderson and Hansen 1987) , 139 as well as cutthroat trout (Oncorhyncus clarkii), Pacific giant salamanders (Dicamptodon 140 tenebrosus), western brook lamprey (Lampetra richardsoni), and signal crayfish 141 (Pacifastacus leniusculus). 142
Estimating Feeding Rates -Our approach for estimating sculpin feeding rates 143 combines predator gut contents surveys with estimates of prey identification times (i.e. 144 the time period over which prey remain identifiable in the stomach of a predator 145 individual). Prey identification times allow diet counts to be converted into prey-specific 146 feeding rates (i.e., prey consumed predator -1 time -1 ). Our approach represents a 147 where is the population-level mean feeding rate, n i is the number of prey items of 155 species i found in a sample of p predator stomachs, and d i is prey i's estimated 156 identification time in the gut of the predator. With this approach, feeding rate estimates 157 are independent of prey densities, and are dependent on body sizes only through their 158 effects on prey identification times (see below). 159 variables, including stream discharge, canopy cover, substrate size, water temperature, 163 and stream width (see Supplemental Materials for details). We also collected ten Surber 164 samples (0.093 m 2 in area each) spaced evenly along each reach to quantify densities of 165 benthic macroinvertebrate prey, which we preserved in 70% ethanol on-site and later 166 identified in the laboratory (most to family, using Merritt et al. 2008) . 167
To obtain diet information (n i and p in eqn. 1), a crew of four researchers used a 168 backpack electroshocker (Smith-Root LR20B), a block net (1.0 x 1.0 m) and two dip nets 169 (0.30 x 0.25 m) to systematically collect reticulate sculpin from each reach. Each 170 captured sculpin was anesthetized, weighed, measured for total length, lavaged 171 nonlethally to obtain stomach contents (using a 60 cc syringe with a blunt 18 gauge 172 needle), and then released after a recovery period in aerated stream water. Sculpin 173 stomach contents were preserved in 70% ethanol, and later identified and measured for 174 total body length (see Table S1 for taxonomic resolution). Because partial digestion 175 prevented every identifiable prey item from being measured, we applied prey-specific 176 mean values -from either the relevant site when possible, or the entire dataset -to 177 unmeasured prey items. We determined length-to-dry mass regressions or obtained these 178 from published sources to estimate the dry mass of prey (Table S2) (Table S3 ). We fit Weibull survival curves to observed prey statuses 194 (identifiable or not) as a function of the three covariates (Klein and Moeschberger 2005). 195 Coefficients from these functions were then used with covariate information from our 196 field surveys to estimate prey identification times for each prey item based on the mean 197 of the corresponding probability density function (Table S4 , Fig. S1 ). For prey types that 198 were not used in laboratory trials, we used survival function coefficients from a 199 morphologically similar type of prey (e.g., for megalopterans we used coefficients 200 estimated for trichopterans; see Table S1 and Supplemental Materials for additional 201 details). 202
Analyses -The primary aim of our analysis was to determine the relative 203 importance of prey density, predator density, predator-prey body mass ratios, prey 204 identity (i.e., taxonomic order), and abiotic environmental variables in driving variation 205 in prey-specific sculpin feeding rates. The response variable in all analyses was the mean 206 10 prey-specific feeding rates at each stream site. Our overall approach was to compare the 207 relative fits of a full model with all five covariates, models with each covariate removed, 208
and an intercept only null model (seven total models). We assessed the relative effect of 209 dropping each variable using Akaike Information Criterion (AIC), Generalized Cross 210
Validation scores (GCV), and adjusted r-square values (Burnham and Anderson 2002, 211 Zuur 2009). 212
To determine the relationship between the five predictor variables and sculpin 213 feeding rates, we used generalized additive mixed models (GAMMs). We included a 214 random intercept term for reach nested within stream to account for the hierarchical 215 structure of our survey design (Zuur 2009 ). For prey identity, prey items were grouped 216 into 15 taxonomic orders (Table S1 ). To assess whether the sample size within orders 217 affected the results, we also analyzed the same dataset after omitting seven orders with 218 less than five feeding rate estimates each (Supplemental Materials). We incorporated 219 body sizes using mean values at the site level based on individual measurements of each 220 predator and their prey items. For prey items that were not detected in Surber samples 221 (including terrestrial taxa; Table S1 ), we were unable to estimate prey densities and 222 therefore omitted corresponding feeding rates from analyses (60 of 289 total feeding 223 rates). To incorporate the abiotic variables into our analysis, we conducted a principal 224 components analysis with site-level mean values for stream discharge, canopy cover, 225 substrate size, water temperature, and stream width, and used the first principal 226 component as a linear predictor variable in the GAMMs. We included a smoothing term 227 for prey density and for predator/prey body mass ratios (using cubic regression splines) 228 because we hypothesized that both variables could be linked to feeding rates in a 229 11 nonlinear relationship. To determine the optimal amount of smoothing, we used 230 generalized cross validation with the mgcv package in R (Wood 2017) . We log-231 transformed feeding rates, prey densities, predator densities, and body mass ratios in all 232 analyses to improve model assumptions. Correlation plots of predictor variables and plots 233 of model residuals are provided in the Supplemental Materials (Figs. S2 and S3). 234
Results 235
Sculpin Stomach Contents -We lavaged a total of 778 reticulate sculpin and 236 found 6988 identifiable prey items. Of the sculpin with identifiable prey, the mean 237 number of prey items per fish was 9.5, with a range from one to 318 (median = 7, SD = 238 15.5). Forty sculpin (5.1%) did not contain identifiable prey. Across all sites we observed 239 57 prey types, most identified to the family level (Table S1 ). Within a given site, the total 240 number of prey types observed ranged from 26 to 38 (see Fig. S4 for species 241 accumulation curves). The majority of the individual prey items (94.6%), and the 242 majority of prey types (68.4%), belonged to five orders (Coleoptera, Diptera, 243
Ephemeroptera, Plecoptera and Trichoptera). 244
Field Survey Covariates -Of the 57 observed prey types, 44 were found in surber 245 samples at one or more sites, thereby allowing the estimation of prey densities (Table  246 S1). Prey densities varied by three orders of magnitude, from 1 to > 1.1 x 10 3 individuals 247 m -2 (mean = 77, median = 24, SD = 150). Predator-prey body mass ratios varied by four 248 orders of magnitude, from 1.9 x 10 1 to 3.6 x 10 5 (mean = 2.1 x 10 4 , median = 4.9 x 10 3 , 249 SD = 4.9 x 10 4 ). The distributions of prey densities and predator-prey body mass ratios 250 were both highly skewed towards smaller values (Fig. 2) . The estimated densities of 251 sculpin ranged from 2.0 to 3.9 individuals m -2 (mean = 2.74, SD = 0.67) across sites.
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Variation in abiotic variables across sites was driven primarily by stream discharge, 253 canopy cover, and stream width (Fig. S5 ). These three variables corresponded most 254 closely to the first principal component of the PCA analysis, which explained 40% of the 255 variation in the environmental data. 256
Feeding Rates -Combining laboratory data on prey identification times with field 257 diet information resulted in estimates of feeding rates for 289 prey type-by-site 258 combinations. The prey identification times varied considerably across prey types, 259 ranging from ~1 hr for annelid worms to ~60 hrs for snails ( Fig. 3, Fig. S6 ). The wide 260 range in prey identification times contributed to variation in the estimated feeding rates. 261
For instance, annelid worms and signal crayfish occurred with similar frequencies in the 262 sculpin stomach contents, with a mean number of 0.023 (worms) and 0.022 (crayfish) per 263 sculpin, but differed by ~29 hrs in their mean prey identification times and thereby had a 264 50-fold difference in estimated mean feeding rates (worms = 3.3 x 10 -2 ; crayfish = 7.2 x 265 10 -4 prey consumed sculpin -1 hour -1 ). 266
The distribution of feeding rates was approximately log-normal, with many low 267 and a few relatively high values ( Fig. 2e, 2f ). That said, we observed more feeding rates 268 than predicted for a log-normal on the left side of the distribution and a cluster of very 269 high feeding rates at the far right side of the distribution. Feeding rates varied over four 270 orders of magnitude, from 1.8 x 10 -4 (freshwater bivalves) to 1.88 (baetid mayflies), with 271 a mean of 3.5 x 10 -2 (median = 6.7 x 10 -3 , S.D = 0.15). Body mass ratios and prey 272 densities also showed highly skewed distributions (Fig. 2) . 273
The full model predicting sculpin feeding rates with all five covariates fit the data 274 better than, or equally, to all the other models (AIC = 656.1, r 2 = 0.62; Table 1) Table S5 ). 283
Of the five hypothesized drivers of feeding rate variation, prey density was most 284 closely correlated with observed feeding rates, showing an accelerating relationship ( Fig.  285 4a). Over the range of prey densities observed, the predicted sculpin feeding rate 286
increased by ~85 fold. The two prey taxa with the highest densities at each site -baetid 287 mayflies and midge larvae -corresponded with the highest sculpin feeding rates. Feeding 288 rates demonstrated a unimodal relationship with predator-prey body mass ratios, peaking 289 at values around 2.2 x 10 4 (Fig. 4b) . Variation in feeding rates was highest at intermediate 290 body mass ratios. A small number of very large prey items (signal crayfish and 291 conspecific sculpin) resulted in a wide confidence interval for predicted feeding rates at 292 the smallest observed predator-prey body mass ratios (Fig. 4b) . Predator density was 293 negatively correlated with sculpin feeding rates, with a doubling in density from two to 294 four sculpin m -2 , associated with a 2.5-fold decrease in mean feeding rates (Fig. 4c) . 295
There was also considerable variation in feeding rates associated with prey identity, 296 ranging from a mean rate of 0.33 for mayflies to 0.007 for crayfish ( Fig. 4e ). Lastly, 297 14 feeding rates did not vary between sites in a manner that was correlated with first 298 principal component of the abiotic factors (Fig. 4d) . 299
Discussion 300
A wide range of factors -including characteristics of predators, their prey, and 301 the environment -have been linked to variation in the strength of trophic interactions. As 302 a result, a growing suite of functional response models that differentially incorporate 303 these factors has been advanced to characterize predator feeding rates. To date, however, 304 most efforts to understand the relative roles of multiple factors in driving variation in 305 feeding rates have relied on simplified experiments that are far removed from the 306 complexity of natural food webs. By quantifying feeding rates of a focal generalist 307 predator in situ, we assessed the relative importance of five primary factors that have 308 been predicted to drive variation in trophic interaction strengths under natural conditions. 309
Our results provide support for several predictions of predator-prey theory, but also 310 emphasize key areas in need of further study to strengthen linkages between functional 311 response models and the dynamics of trophic interactions in the field. 312
Consistent with prior studies of interactions strengths, we observed a skewed 313 distribution of feeding rates, with few strong and many weak interactions. This pattern 314 has been observed whether interaction strength measures are based on energy flow (e.g, 315 Among the five predictor variables, prey density was most strongly correlated 332 with variation in sculpin feeding rates. This result was consistent with the positive 333 association between encounter rate and prey density predicted by all functional response 334 models at low relative prey densities. At high prey densities, however, the most 335 commonly applied functional response models (e.g., Holling type II and III forms) 336
predict that predator feeding rates should eventually saturate because feeding rates 337 become limited by prey handling time rather than encounter rate (Holling 1959) . We 338 observed an increasing positive slope at the highest observed prey densities, which is 339 opposite to the decreasing slope that would be consistent with predator saturation. This 340 finding is likely the result of several factors. First, the time needed for sculpin to 341 physically consume a typical prey item is very short (based on extensive laboratory 342 observations); feeding rates are more likely to be limited by digestion processes and 343 16 stomach capacity. Our field data, however, indicate that sculpin were well below their 344 maximum stomach capacity. The highest number of observed prey items in one sculpin 345 was 318 mayflies, with most sculpin having far fewer prey (mean of ~10). Taken 346 together, these observations suggest that sculpin feeding rates in the field are rarely, if 347 ever, limited by handling or digestion times, making saturating functional responses 348 potentially unrealistic. 349
While predator feeding rates must theoretically become limited at some point by 350 handling or digestion processes, the generality of saturating feeding rates often implied in 351 the literature deserves further study within the context of realistic prey densities in natural 352 food webs. Empirical support for saturating functional responses is based mostly on 353 laboratory studies that may exceed the range of prey densities that occur in nature and 354 involve simplified environments that maximize predator-prey encounter rates. While the 355 functional form of a predator's feeding rates will depend on the biology of the system, the 356 specifics of our study system -i.e., short handling times, relatively small prey, and large 357 stomach capacity -are not uncommon in other predator-prey systems (Jeschke et al. 358 2002) . Even predators with long handling times may still rarely experience saturation. 359
For instance, feeding rates of whelks in the marine intertidal, which exhibit classic Type 360 II functional responses in laboratory experiments, have been shown to be better described 361 by linear functional responses when quantified in the field (Novak 2010) . 362
One possible factor contributing to the lack of predator saturation in this study 363 system is the physical habitat in which trophic interactions occur. The complex three-364 dimensional matrix of the stream benthos, with a deep layer of cobble and gravel, may 365 have resulted in much lower realized encounter rates than would a comparable prey 366 density in a less complex habitat. Although prey densities reached > 1000 individuals m -2 367 for some taxa (Chironomidae), and exceeded 2800 invertebrate m -2 at some sites for all 368 taxa combined, the actual number of prey coming into contact with a sculpin at a given 369 point in time is probably much lower than these numbers reflect due to the spatial 370 complexity of the habitat. Sculpin are known to move through the stream substrate at a 371 considerable depth (Phillips and Claire 1966, Thomas 1973) , consistent with our 372 observations while conducting surveys. Physical complexity could therefore contribute to 373 preventing saturation by lowering encounter rates at high prey densities. More broadly, 374 recent work has indicated that the dimensionality (2D vs 3D) and physical complexity of 375 the habitat can strongly mediate predator feeding rates in diverse systems (Pawar et al. 376 
2012, Barrios-O'Neill et al. 2016). 377
Body sizes of predators and prey have often been invoked as a primary driver of 378 trophic interaction strength (Woodward et al. 2005b , but see Wootton and Emmerson 379 2005) . Including predator-prey body mass ratios slightly improved the relative fit of our 380 model predicting sculpin feeding rates. Feeding rates were highest at body mass ratios of 381 around 2.2 x 10 4 , and then decreased for smaller and larger prey. The relationship was not 382 symmetrical, however, with the peak towards larger body mass ratios (i.e., smaller prey). 383
Sculpin, like many predatory fishes, are gape limited and consume their prey whole, 384 creating an upper size limit on prey that can be consumed (Tabor et al. 2007 ). This 385 probably contributes to the higher feeding rates on relatively small prey. The hump-386 shaped relationship between feeding rates and body-mass ratios is consistent with 387 foraging theory which posits that large prey are difficult to consume while very small 388 prey are not energetically cost effective, resulting in the highest feeding rates at 389 18 intermediate body-size ratios (Brose et al. 2008 ). We note, however, that there was a 390 large amount of variation in feeding rates at intermediate prey body sizes. Such variation 391 may not have been observed in past laboratory-based studies because predators were 392 exposed to only a single prey species at a time. 393
Prey identity was the second most closely associated variable with variation in 394 feeding rates, and exceeded the importance of body-mass ratios. Mean feeding rates 395 varied by over four orders of magnitude across prey identities. We used taxonomic order 396 as a grouping variable with the aim that it would represent conserved variation in prey 397 traits within an order. While multiple prey traits (e.g., behavior, morphology) could 398 underlie differences in prey-specific sculpin feeding rates, one key trait captured by this 399 approach is anti-predator defenses in the form of external protection. Two of the three 400 lowest observed feeding rates were on taxa that are relatively abundant but possess 401 external protection -signal crayfish and Juga snails. These two taxa had the longest prey 402 identification times in the laboratory (~30 and 60 hrs), suggesting that low digestibility 403 may contribute to sculpin preferring other prey. In the laboratory, sculpin were reluctant 404 to consume snails, often regurgitating them shortly after consumption (pers. obs.). In 405 contrast, prey taxa with short identification times that were rapidly digested -including 406 mayflies and annelid worms -had two of the three highest feeding rates and lack external 407 protection. In general, we found that feeding rates were negatively associated with prey 408 identification times (Fig. S8) , which is an a priori expectation based on eqn. 1, but also a 409 biologically reasonable prediction for generalist predators. Additionally, two of the four 410 lowest feeding rates were on hemipterans and megalopterans, both possessing other 411 forms of defenses that could possibly minimize predation by sculpin (toxins and 412 19 formidable mandibles, respectively) (Merritt et al. 2008 ). The importance of prey traits in 413 driving variation in predator feeding rates is beginning to be recognized and quantified in 414 laboratory experiments (Rall et al. 2011 , Klecka and Boukal 2013 , Kalinoski and DeLong 415 2016 , Uiterwaal et al. 2017 ). Our findings, coupled with prior work, suggest that prey 416 traits beyond body mass are likely a fundamental driver of variation in predator feeding 417 rates. Taxonomic-or traits-based approaches may therefore prove especially useful at 418 explaining the large variation or divergences from predictions of metabolic theory often 419 observed in relationships between body mass or temperature and feeding rates (Brose et 420 al. 2008 , Englund et al. 2011 , Rall et al. 2012 ). The role of such traits will not be 421 evidenced by experimental studies with one or a few prey types, underscoring the need to 422 quantify interaction strengths in diverse communities. 423
Predator density had a relatively small effect on sculpin feeding rates, although 424 the negative relationship was consistent with predator interference as encapsulated by 425 most consumer-dependent functional response models (Skalski and Gilliam 2001) . The 426 density of conspecific predators can influence feeding rates through a variety of 427 mechanisms, many involving changes in predator behavior (Abrams and Ginzburg 2000) . 428
This observation has fueled debate over whether and how functional responses should 429 incorporate predator density, but few studies have assessed its importance in the field 430 . Our results provide some support for the presence of predator 431 interference in this system. Behavioral interactions between sculpin, and specifically a 432 competitive hierarchy for feeding sites based on body size, have been observed in related 433 stream sculpin species (Grossman et al. 2006 ). Sculpin are also territorial when guarding 434 their eggs in the spring months, but this would have occurred prior to our surveys in this 435 20 study (Bateman and Li 2001) . There is also evidence that other predator species can 436 influence sculpin feeding rates (Soluk 1993) . Our stream sites support cutthroat trout and 437 Pacific giant salamanders, both of which share invertebrate prey of sculpin (Falke et al. in 438 prep) . Future work on the roles of intra-and interspecific interactions with other 439 predators in driving variation in feeding rates is needed to test the form and magnitude of 440 predator dependence in this study system. 441
One consideration in the interpretation of our results is that we surveyed over a 442 relatively small geographical area and timespan. As a result, our stream sites were fairly 443 similar in abiotic factors, limiting our ability to detect differences in feeding rates driven 444 by the environment. Surveys replicated over different times of year, with greater variation 445 in temperature, stream flow, habitat type (pool vs. riffle), and cobble size would be more 446 effective at detecting environmental effects. Furthermore, our focus on one predator 447 taxon limits our ability to investigate effects caused by predator characteristics. For 448 instance, datasets with a wide range of predator size across multiple taxa would be better 449 suited for detecting relationships driven by consumer mass independent of prey mass 450 (e.g., Barrios-O'neil et al. 2016) . Nonetheless, the consistency of prey-specific feeding 451 rates across sites in our study is notable. Also, the food webs we studied support a highly 452 diverse prey base (>325 invertebrate species) and relatively few aquatic vertebrate 453 predators (three species). These observations suggest that prey characteristics may drive 454 more variation in community wide feeding rates than predator characteristics, although 455 this remains to be tested. The high prey richness in our study system also contrasts with 456 most empirical food webs that typically entail predators with much lower numbers of 457 21 prey species per predator (e.g., Dunne et al. 2002) , and makes our dataset especially 458 powerful for detecting the roles of prey characteristics. 459
Predator-prey theory has often outpaced realistic empirical tests of model 460 predictions. Predator functional responses, for instance, have been largely based on 461 laboratory experiments and have seen relatively little validation in natural food webs. 462
Artificial effects of the laboratory environment, including experimental duration (Li et al. 463 in press), the size of the arena used for feeding trials (Uiterwaal et al. 2017 ), or unrealistic 464 community structure (e.g., low prey richness) have potential to strongly influence 465 predator feeding rates. Additionally, scaling laws based on temperature and body mass 466 have been applied to infer interaction strengths in food webs, despite sometimes 467 equivocal support for the generality of their predictions (Wooton and Emmerson 2005, 468 Rall et al. 2012). Our results reinforce that the scale of inference -in space, time, and 469 taxonomic diversity of predators and prey -will have important implications for the 470 factors generating variation in trophic interactions strengths. While scaling laws and 471 generic predictions from functional response models may be of use in predicting broad 472 patterns of linkage strength or energy flow, the trophic dynamics within a given food web 473 will often diverge from these expectations due to unique taxon-specific traits or other 474 local factors. By quantifying species interaction strengths within the context of complex 475 food webs, empirical studies have the potential to dissolve many more of the disconnects 476 between theory, laboratory studies, and the dynamics of trophic interactions in nature. 477
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